In this paper we analyze the role of network effects and consumer heterogeneity in the adoption of mobile phones. We estimate the decision to adopt a mobile phone using panel survey data of South African households between the years 2008 and 2012, which includes interviews with all adult household members. We construct variables which approximate network effects on the household level and find that the greater the number of mobile phones in the household, the greater the likelihood that the other household members will also adopt a mobile phone. Moreover, network effects depend on who in the household adopts a mobile phone. Without within-household network effects the penetration of mobile phones of 76.4% in 2012 would be lower by about 9.9 percentage points. The decision to adopt a mobile phone is also explained by observed and unobserved consumer heterogeneity.
Introduction
In the last two decades mobile phones became the most important means of remote communication. At the end of 2014 there were nearly 7 billion subscriptions to mobile telecommunications services around the world. 1 In developing countries, where fixed-line telecommunications have not been deployed across the whole territory and especially in the rural areas, mobile phones are usually the only means of remote communication available to people. Mobile phones are also increasingly used as a platform through which services such as mobile banking are delivered.
However, since mobile internet is not yet commonly used in the developing countries, the core value of mobile phones still comes from making and receiving calls and from texting, where the greatest share of communications presumably takes place between household members. There are therefore significant network effects from the adoption of mobile phones by household members, i.e., the utility from having a mobile phone should increase when the other household members also adopt mobile phones.
In this paper we analyze the role of network effects in the adoption of mobile phones. We use panel data of South African households including separate interviews conducted among all adult household members between the years 2008 and 2012. This data allows us to test empirically whether the fact that a particular household member has a mobile phone influences the decision by other household members to get a mobile phone. Network effects are approximated by the identity and number of household members who declared having mobile phones. To identify network effects a rich set of individual and household characteristics is included in the estimation such as gender, age, professional activity, household size, the type of dwelling, income and others.
Apart from the observed heterogeneity represented by these characteristics we also account for the unobserved heterogeneity. We make use of panel data and estimate individual-specific random effects which are assumed to be normally distributed.
We find that both network effects and heterogeneity matter for the adoption of mobile phones.
The greater the number of mobile phones in the household, the greater the likelihood that the other household members will adopt mobile phones as well. Moreover, network effects depend on who in the household has a mobile phone. When the main decision maker has a mobile phone it is less likely that the other household members adopt mobile phones. We argue that this is because low-income households may opt for a single mobile phone to be used by all household members to communicate with non-household members. We confirm this by estimating additional regressions for the sub-samples of individuals from poorer and wealthier households. This effect prevails for the poorer households but not for wealthier ones. Without within household network effects the penetration of mobile phones of 76.4% in 2012 would be lower by about 9.9 percentage points.
Our results suggest that the typically observed s-shaped diffusion pattern of mobile phones can be explained by both the presence of network effects and consumer heterogeneity. On the one hand, network effects cause an exponential growth in the number of adoptions after the critical mass is reached (see Cabral (1990) for a theoretical model of the diffusion of innovations with network externalities). On the other hand, an s-shaped diffusion pattern is caused by consumer heterogeneity (see Karshenas and Stoneman (1993) ). As our results suggest, there are relatively few consumers with a very high valuation of mobile phones and similarly relatively few with a very low valuation. The valuation of the majority of consumers due to both observed and unobserved factors is close to the average. Hence, when the cost of adoption decreases, mobile telephones are increasingly purchased by consumers with lower valuations which, for normally distributed valuations, results in an s-shaped diffusion pattern.
The remainder of the paper is organized as follows. Section 2 summarizes the previous research on the diffusion of mobile phones and network effects. Section 3 introduces the data.
Section 4 discusses the empirical framework. Section 5 presents the estimation results and finally, Section 6 concludes.
Literature Review
There is a large body of research on the diffusion of mobile telecommunications services. Most of these studies use aggregate cross-country data. For instance, Gruber and Verboven (2001) estimate a logistic diffusion model for the EU countries and find that regulation and technological progress are important for the growth of the mobile industry. In another paper estimating a logistic diffusion model, Koski and Kretschmer (2005) analyze the effects of regulation and competition on the development of mobile telephony. These studies do not account for the presence of network externalities and, due to the nature of the data, heterogeneity is allowed only across countries. Therefore, they do not explain what causes the estimated s-shaped diffusion 3 pattern.
Another stream of research tests the hypothesis of network effects to explain the diffusion of mobile phones. For instance, Doganoglu and Grzybowski (2007) estimate demand for subscription to mobile services in Germany using nested logit model for aggregate data and acknowledge the importance of network effects in the diffusion process. In another paper, Grajek (2010) finds significant network effects in the Polish mobile telephone industry. Since these studies focus on a single country assuming a representative consumer, they do not allow for the diffusion pattern to be explained by both network effects and consumer heterogeneity. Only consumer-level information observed over time with a good proxy for network effects can disentangle the impact of both effects. Furthermore, Grajek and Kretschmer (2012) empirically investigate the existence of critical mass in the mobile telephony diffusion and Grajek and Kretschmer (2009) try to identify the network effects by studying mobile phone usage intensity. Based on panel data for operators in 41 countries they conclude that heterogeneity among adopters dominates network effects. Among papers which estimate network effects using individual-level survey data, Kim and Kwon (2003) conclude that Korean consumers prefer carriers that have larger consumer bases. In another paper, Birke and Swann (2006) use household survey data to identify price-mediated network effects in mobile telephony in the UK.
The papers mentioned above study network effects on the market level. However, in telecommunications markets, network effects are in general a local phenomenon, i.e., the main contacts are family and friends who live in the same local area. There are a few papers which study the role of local network effects from a theoretical or empirical perspective. For instance, Sundararajan (2007) develops a theoretical model in which agents, who are connected in a social network, value the adoption of a product by a heterogeneous subset of other agents in their neighborhood. Each agent is located at a node of a graph, knows the nodes that he/she is connected with, but is not informed about the rest of the network structure. Sundararajan shows how in this setup the resulting network of adopters is influenced by the underlying social structure. On the empirical side, Birke and Swann (2005) study the coordination within each consumer's social network based on a survey of students in the UK. They find that the probability that two students have the same operator is higher the more frequently they call one another. In another paper, based on a survey of Italian students, Corrocher and Zirulia (2009) find evidence that consumers take into account local networks when deciding on mobile operators. They also find that consumers are highly heterogeneous with respect to the importance they give to the operators chosen by their friends/family members when choosing which provider to use. Birke and Swann (2010) use student surveys from four different countries and find that individuals' choice of network operator is strongly influenced by the network choices of their local social network and only to a lesser extent by the total number of consumers on the network. Finally, Karacuka et al. (2013) use a survey data of Turkish consumers to analyze the determinants of mobile network subscriptions.
They find that consumer choice is significantly affected by the local share of network operators, thereby concluding on the existence of local network effects which may outweigh macro network effects.
There is also a large body of empirical literature which estimates the role of network effects in different industries. Park (2003) and Ohashi (2003) estimate direct network effects using time series data for video recording systems. Other papers estimate direct network effects using regional cross-sectional data, for instance Goolsbee and Klenow (2002) for home computers and Rysman (2002) for Yellow Pages telephone books. Other papers identify indirect network effects by estimating the impact of the variety of complementary products on the utility which consumers derive from the primary product. Gandal et al. (2000) study the diffusion of CD technology and find that the number of CD titles available has an impact on the consumer's willingness to adopt a CD player. Clements and Ohashi (2005) estimate indirect network effects in the US video game market. A discussion of the problems in identifying network effects with high-level time series and cross-sectional data can be found in Gowrisankaran and Stavins (2004) . They propose ways to identify network effects in a reduced form model using data on the adoption of automated clearing house technologies by individual banks.
In this paper, we identify direct network effects at the household level after controlling for a rich set of individual and household characteristics and unobserved heterogeneity. Since we use panel data of household members we can estimate individual fixed effects, which represent the propensity to adopt a mobile phone. By estimating both network effects and consumer heterogeneity, we can conclude the role which network effects and heterogeneity play in the diffusion of mobile phones. Table 1 shows the number of individuals in three waves used in the analysis and Table 2 the overlapping of individuals across the three waves.
Each questionnaire consists of several modules. Among other questions, the survey collects detailed information on household expenditure and consumption, demographics, education, personal asset ownership and debt, various income sources and intra-household decision-making. Table 3 shows the variables which are used in the estimation and the summary statistics. There is missing information on age and income for some individuals who are dropped from the data in the estimation.
The dependent variable is a 0-1 decision to adopt a mobile phone, which is the declaration of each survey respondent whether he has a mobile phone or not. During the data collection period many individuals adopted mobile phones but there were also some who gave up their mobile connections. The overall penetration in the sample used in the estimation changed from 56.8% in the first wave to 56.9% in the second wave and 76.3% in the third wave. The changes in the level of penetration over three waves across 53 municipalities in South Africa are shown in Table  7 in the appendix. There is enough variation in the dependent variable for identifying the effects of both the observed characteristics and the unobserved heterogeneity. 3
Our main variables of interest are the proxies for network effects. The decision whether to adopt a mobile phone may depend on whether other household members have mobile phones as well because people from the same household communicate with each other more frequently than with others. But the decision may also depend on the overall number of people who could be reached via mobile phone. We model the within-household adoption externality in dependence on the size of the household in the following way. There is no within-household externality for single households but they may overall be more likely to adopt mobile phones to be able to communicate with others. We may therefore observe that single households tend to have mobile phones more often than others. In the households which consist of two adults, the decision of one household member to adopt a mobile phone may have a positive adoption externality on the other household member. In households, which have three adult members, the adoption externality may be different when just one member adopts a mobile phone versus when two members have mobile phones. The expectation is that when two household members have mobile phones, it is more likely that the third member will adopt one as well, as compared to a situation in which only one out of the three household members has a mobile phone. In a similar way, we allow the adoption externality to vary in dependence on the number of mobile phone users in households with four, five, six and seven or more members. Hence, the network effects on the household level are represented by a set of dummy variables denoted by d ijk , which take value of one when the household size of individual i is equal to j and the number of mobile phones used by the other household members is equal to k, where 0 < k < j, and zero otherwise.
Apart from network effects on a household level, individuals also benefit from communication possibilities with non-household members. However, to identify these network effects one needs to approximate the number of people with whom individuals communicate using mobile phones.
One possibility is to use the penetration rate of mobile phones in the municipality where the individuals reside as an approximation (regional network effects). This variable can be constructed from the sample by dividing the number of individuals with mobile phones by the total number of individuals residing in a particular municipality. A potential problem with the identification of regional network effects is that there may be unobserved regional factors which influence the adoption probability of all households in this municipality. For instance, the differences in mobile penetration on a regional level may reflect differences in coverage, on which we lack information.
If coverage in certain municipalities was growing faster than in others, the growing number of subscribers at the aggregate level and the increased probability of subscription at the individual level could both be driven by the omitted coverage variable.
The regional fixed factors can be controlled for by means of regional dummies for 53 municipalities in South Africa. But regional network effects cannot be included at the same time due to multicollinearity. We estimated two model specifications. The first one with regional network effects but without regional dummy variables. The second one with regional dummy variables but without regional network effects. Based on the likelihood-ratio test the model with regional dummy variables is preferred over the model with regional network effects. Hence, in this analysis we are only able to account for household-level network effects.
Apart from that the likelihood of adopting a mobile phone may depend on which member of the household has a mobile phone, for which we also account using a set of dummy variables. We create the following dummy variables for the first and second decision-makers. First, a dummy variable is created which measures the impact of having a mobile phone by the first decisionmaker on the mobile phone adoption by the other household members, and similarly for the second decision-maker. Another dummy variable measures the impact of having a mobile phone by the first decision maker on the mobile phone adoption decision by the second decision maker, and vice versa.
A potential problem with the identification of within-household network effects may be due to some unobserved household-specific factors having an impact on the adoption decisions of all household members, for instance there may be a general predilection for or against technology at the household level. The within-household network effects variables would then be endogenous.
We try to control for these factors by including a large number of individual and household characteristics, including a set of dummy variables for the level of income, which are shown in Table 3 . We also control for the unobserved preferences for mobile phones by means of individual random effects. The household-level predilection for a technology should be reflected in high values of individual effects for all members of the household. 4
The Empirical Model
We analyze consumer decision to use a mobile phone. We can model this decision by means of a binomial logit model, where the consumer decides either to have a mobile phone or not. We assume that consumer i derives a linear utility from having a mobile phone at time t given by:
where X it denotes a vector of individual and household characteristics, p it is the cost of getting a mobile phone and using the service, N it is a vector of variables representing network effects, ξ i are unobserved individual-specific preferences for having a mobile phone assumed to be normally distributed and ϵ it is the error term which is assumed to be extreme value distributed. Hence, the choices of the individual are correlated over time due to common unobserved individual-specific component ξ i .
Since we lack information on the type of mobile phone used by individuals and the cost of usage which may be individual specific, we have to ignore the term αp it and cannot identify the price elasticity of mobile phone adoption. Instead, we allow the average utility to change between waves by means of time dummy variables, which may reflect changes in the level of both price and quality. 5 There may also be network effects on the country level which cannot be identified separately from time dummies. The focus of this analysis is nevertheless on the impact of household-level network effects and consumer heterogeneity on adoption decisions.
Hence, the probability that individual i makes a sequence of choices of having a mobile phone, 4 Our model does not allow for the correlation of individual-specific effects across household members. An alternative approach to this problem is to estimate a model with household-rather than individual-specific effects.
We have estimated such an alternative model specification and found that the impact on the estimation results is negligible. 5 If all consumers in a given market face the same price, which is often assumed in the empirical studies of mobile telephony, then the price effect will be subsumed in the time dummies.
y it = 1, in periods t ∈ G and not having a mobile phone, y it = 0, in periods t ∈ H, is given by:
where F is the cumulative density function for the logistic distribution of the error term ϵ it . If there is no unobserved individual heterogeneity ξ i , this is the standard binomial logit probability which enters the likelihood function. With unobserved heterogeneity, it is necessary to integrate the conditional adoption probability l i (β, γ, ξ i ) over the distribution of ξ i :
where
Assuming that the decisions of individuals i = 1, ..., N are independent, the probability that each individual in the sample chooses the sequence of alternatives as observed can be written as the log-likelihood function:
The vector of all parameters which are estimated is denoted by θ. To approximate the integral entering the adoption probabilities P i given by equation (3) we use a simulation method with R random draws for ξ i from the normal distribution. The average choice probability per individual is given by:
The maximum simulated likelihood estimator is the value of the parameter vector θ that maximizes the likelihood function L given by equation (4), after substituting formula (5) into P i . 6
The model estimated in this paper is more general by allowing for unobserved heterogeneity in addition to observable individual and household characteristics.
Estimation Results
First, we estimate the logit model for all three waves without taking into account the panel structure of the data, see Table 4 . Next, we estimate a mixed logit model with a random coefficient which accounts for the presence of unobserved individual preferences for adoption of mobile phones and therefore considers the panel structure of the data (see Table 5 ). The main results are very similar in both regressions. The estimates of regional dummy variables are not shown in the tables. The likelihood-ratio test indicates that the mixed logit model in Table   5 with a single random coefficient representing the unobserved heterogeneity of preferences is preferred to the logit model in Table 4 . The test statistic is equal to χ 2 = −2 ln(L 0 /L 1 ) = −2 · [−26, 417 − (−26, 064)] = 706, while the critical value for one degree of freedom is equal to χ 2 (0.01, 1) = 6.64. We therefore use the model with random coefficient to interpret the results.
We find that there are significant network effects within the household, where the likelihood of adoption of a mobile phone is positively influenced by the other household members using mobile phones. The greater the number of mobile phones in the household, the greater the likelihood that the other household members will adopt mobile phone as well. We use a set of dummy variables to account for these effects, which depend on the number of mobile users in the households of different sizes, as discussed in the data section. Moreover, network effects also depend on who in the household adopts a mobile phone. Overall, it is more likely that a household member who declared to be the main decision maker has a mobile phone. Also, having a mobile phone is more likely for the household member who is considered to be the second decision maker. Interestingly, when the main decision maker has a mobile phone it is less likely that the other household members adopt mobile phones. Hence, low-income households may opt for a single mobile phone to be used by all household members to communicate with non-household members. Therefore, mobile phones may play the role of fixed-line connections for households which do not have fixed-line access but cannot afford having more than one mobile phone. We test this hypothesis by estimating the model separately for the groups of households with lower and higher income levels. This effects prevails in the estimation for the low income group but becomes insignificant for the group of households with higher income. The possession of a mobile phone by the head of a household has no significant impact on the likelihood of adoption by the second decision maker, but vice versa there is a significant positive impact.
We conduct counterfactual simulations to evaluate how within-household network effects increase the penetration of mobile phones in the population, results of which are shown in Table   6 . Hence, within-household network effects have a strong impact on the diffusion of mobile phones.
As we discussed before, apart from within-household network effects, individuals also benefit from communication possibilities with non-household members, for which we do not control in this analysis.
We also find that there is significant heterogeneity in consumer preferences for the adoption of mobile phones. A number of household and individual characteristics significantly influence the valuation of mobile phones, as shown in Table 5 . First, the probability of adopting a mobile phone depends on the size of the household. Single households are much more likely to have a mobile phone in general. The likelihood tends to decrease with an increasing number of adult members in the household. The probability is higher for households equipped with TV, computer, car and bicycle, which are in general wealthier households. Interestingly, the probability of adoption does not depend on whether a household has a fixed-line connection. A dummy variable for having a fixed-line is negative but insignificant. Males are in general less likely to adopt mobile phones as well as older people. Compared to black people, whites, Asian and coloured people are less likely to adopt mobile phones. Married people are more likely to have mobile phones as well as people with many children. Individuals without education are less likely to adopt mobile phones, while individuals with at least matric education are more likely. Individuals with some computer literacy are also more likely to adopt mobile phones, as well as individuals who can read or have a driving licence. Being self-employed increases the probability of mobile phone adoption, while individuals who are economically inactive are less likely to have a mobile phone. The probability of mobile phone adoption varies according to profession. There is a significant income effect with households having income between 1,500 and 15,000 South African rands being most likely to have mobile phones. The distribution of preferences according to all these observable characteristics is approximately normal. Finally, we also allow for normally distributed unobserved preferences, which are also found to be significant. The standard deviation around the mean valuation of mobile phone is 1.09.
Conclusions
Mobile phones and other network technologies are observed to follow an s-shaped diffusion pattern which may have distinct origins. First, the s-shaped diffusion curve may originate from the presence of network effects, where after reaching a critical mass the adoption grows exponentially until it reaches the level of saturation. But an s-shaped diffusion pattern may also result from normally distributed heterogeneity in the consumer valuation of technology. Some consumers may value mobile telephones more than others due to observed or unobserved characteristics.
When the cost of adoption decreases, mobile telephones are increasingly purchased by consumers with lower valuations and at some point the main bulk of consumers with average valuations adopts. In general, both network effects and consumer heterogeneity play a role in the adoption of network technologies. The contribution of this paper is to consider network effects and consumer heterogeneity within a single empirical model.
We use panel data of South African households including separate interviews conducted among all adult household members between the years 2008 and 2012. This data allows us to test empirically whether the fact that a particular household member has a mobile phone influences the decision to adopt a mobile phone by the other household members. Network effects are approximated by the identity and the number of household members who declared having mobile phones. To identify the network effects we include in the estimation a rich set of individual and household characteristics such as gender, age, professional activity, household size, the type of dwelling, income and others. Apart from the observed heterogeneity represented by these characteristics we also account for the unobserved heterogeneity. We make a use of the panel data and estimate individual-specific random effects which are assumed to be normally distributed.
The greater is the number of mobile phones in the household the more likely it is that the other household members will adopt a mobile phone as well. Moreover, network effects depend on who 13 in the household adopts a mobile phone. When the main decision maker has a mobile phone it is less likely that the other household members adopt mobile phones. We argue that this is because low-income households may opt for a single mobile phone to be used by all household members to communicate with non-household members. We confirm this by estimating additional regressions for the sub-samples of individuals from poorer and wealthier households. This effect prevails for the poorer households but not for wealthier ones. Without within household network effects the penetration of mobile phones of 76.4% in 2012 would be lower by about 9.9 percentage points. 14 8 Appendix The numbers should be read as follows. For instance, there were 13,691 adult individuals in all three waves, and 1,800 individuals in waves 1 and 2 but not in wave 3. in the sample relative to the population of the municipality, which is denoted by region population. HH=j, mobiles=k take value of one when the household size of individual i is equal to j and the number of mobile phones used by the other household members is equal to k, where 0 < k < j and zero otherwise. Head 1 denotes a dummy variables for the first decision maker in the household and Head 2 for the second one. Head 1 impact is a dummy variables which measures the impact of having a mobile phone by first decision maker on the mobile phone adoption by the other household members, and Head 2 impact is analogous for the second decision maker. Head 1 impact on head 2 is a dummy variable which measures the impact of having a mobile phone by the first decision maker on the mobile phone adoption by the second decision maker, and Head 2 impact on head 1 is analogous for the second decision maker. HH size=i are dummy variables for the size of the household. Wave 2 and 3 are dummy variables for the second and third wave relative to the first one. The other variables are household and individual characteristics including profession and range of income dummy variables. There are 53 municipalities in South Africa. 
